Abstract Magnetoencephalography (MEG) signals are commonly contaminated by cardiac artefacts (CAs). Principle component analysis and independent component analysis have been widely used for removing CAs, but they typically require a complex procedure for the identification of CA-related components. We propose a simple and efficient method, resampled moving average subtraction (RMAS), to remove CAs from MEG data. Based on an electrocardiogram (ECG) channel, a template for each cardiac cycle was estimated by a weighted average of epochs of MEG data over consecutive cardiac cycles, combined with a resampling technique for accurate alignment of the time waveforms. The template was subtracted from the corresponding epoch of the MEG data. The resampling reduced distortions due to asynchrony between the cardiac cycle and the MEG sampling times. The RMAS method successfully suppressed CAs while preserving both event-related responses and high-frequency ([45 Hz) components in the MEG data.
Introduction
In magnetoencephalography (MEG) electrical brain activity is studied non-invasively by recording the magnetic field outside the head. Because the neuromagnetic fields are small, noise from various sources can severely distort the MEG data (Escudero et al. 2011; Hämäläinen et al. 1993) . Environmental background noise can be greatly reduced with magnetically shielded rooms (Cohen 1972) . However, biological noise from the subject, e.g., due to eye blinks, eye movements, heart beats, respiration, and muscular tension, need to be suppressed with other approaches (Hari 2005) . Cardiac artefacts (CA) due to the magnetic field generated by the electrical activity of the heart are among the most prominent biological artefacts in MEG data (Jousmäki and Hari 1996) , commonly more than an order of magnitude larger than the brain signals of interest. CAs can be particularly large in children due to the short distance between the heart and the MEG sensors. Signal averaging can mitigate CA effects in MEG data, but it is of limited use for studies of spontaneous or single-trial eventrelated brain activity.
Most methods to remove CAs in MEG data are based either on spatial patterns in multichannel data (topographies) or on time-domain templates for individual channels. Approaches based on the spatial patterns include principle component analysis (PCA) and independent component analysis (ICA) (Breuer et al. 2014a, b; Dammers et al. 2008; Escudero et al. 2007 Escudero et al. , 2011 Mantini et al. 2008; Sander et al. 2002; Shao et al. 2009 ), signal space projection (Uusitalo and Ilmoniemi 1997) , signal space separation (Taulu et al. 2004 ) and spectral signal space projection (Ramirez et al. 2011) . All these methods effectively suppress artefacts when the noise patterns are stationary; however, their performance deteriorates if the CAs vary over the duration of the recording. An additional challenge with the PCA and ICA methods is that an automatic and accurate identification of the artefact-related components is usually difficult.
Template subtraction methods are typically relatively simple to implement and can be made automatic in a straightforward way. Variations of the average subtraction method have been applied to remove spike artefacts in deep brain stimulation (Hashimoto et al. 2002) and magnetic resonance imaing (MRI) related artefacts in EEG data recorded in an MRI scanner such as gradient artefacts (Allen et al. 2000; Becker et al. 2005; de Munck et al. 2013; Garreffa et al. 2004; Sun and Hinrichs 2009 ) and ballistocardiogram artefacts (Allen et al. 1998; Ellingson et al. 2004; Goldman et al. 2000; LeVan et al. 2013; Shams et al. 2015) . Generally, template subtraction techniques are efficient for spikes, nonstationary quasi-periodic noise, and baseline drift (Feuerstein et al., 2009) .
One way to take into account variability in the artefacts is to estimate multiple templates using a clustering technique (de Munck et al. 2013 ). Tal and Abeles (Tal and Abeles 2013) proposed an average template subtraction method for MEG data in which five CA templates, based on the QRS wave amplitude, were constructed instead of a single global average. Another way to address the problem of non-stationarity of the CAs is to use a moving average subtraction method (Allen et al. 1998; Becker et al. 2005; Sun and Hinrichs 2009 ). This approach assumes that the artefacts vary slowly enough over time to be captured by the weighted average over subsequent occurrences of the artefact. In the present study we used a weighted moving average subtraction method in which a template for the CA was constructed for each individual cardiac cycle.
Because the averaged template subtraction methods are based on time course data, precise alignment of the CAs from different cardiac cycles is important. Although the CAs could be detected in the MEG data itself, the high signal-to-noise ratio of a simultaneously recorded electrocardiogram (ECG) helps to better align the subsequent cardiac cycles. In addition, we used a resampling technique to compensate for the asynchrony between the cardiac cycle and the MEG sampling times. Previously, a similar resampling approach has been used to enhance the removal of gradient artefacts in EEG data recorded during MRI scanning (Sun and Hinrichs 2009 ). Here, we tested this combined approach for removing CAs in MEG data, called Resampled Moving Average Subtraction (RMAS).
Materials and Methods

Experimental Data
Six subjects (mean age 24, range 19-30 years; two females) with no neurological disorders were recruited from the local community. Written informed consent was submitted from each participant. The study was approved by the local ethics committee of the Goethe University (Frankfurt, Germany).
MEG data were recorded using a 275-channel wholehead system (Omega 2005, VSM MedTech Ltd., BC, Canada) in a synthetic third order axial gradiometer configuration (Data Acquisition Software Version 5.4.0, VSM MedTech Ltd., BC, Canada). The data were filtered using fourth order Butterworth filters with 0.5 Hz high-pass and 150 Hz low-pass, and sampled at 600 Hz. MEG data were recorded for 8 min while the subject was resting with eyes open. A pair of ECG electrodes was placed at the subjects back close to the superior and inferior ends of the heart; this placement was chosen to minimize movement related artefacts. Electrode impedances were \5 kX.
In addition, we applied the proposed method to data from one subject from our previously published visual perception experiment (Sun et al. 2012) , in which a random sequence of upright and inverted-scrambled Mooney face visual stimuli were presented.
Identification of Cardiac Artefacts
For CA removal, the MEG time series data were divided into epochs corresponding to cardiac cycles. CAs vary substantially across MEG channels depending on the relative distance and orientation between the sensors and the CA sources, and often it may be difficult to find the CAs in some MEG channels. Therefore, to reliably identify the cardiac cycles we used the ECG channel, in which the QRS waves were prominent and the influence of background noise or other effects (e.g., body movements, ocular artefacts) was minimal. The ECG signal was high-pass filtered using a third order Butterworth filter with a cut-off at 5 Hz. A threshold value was determined as one-third of the peakto-peak value within a selected 6-second segment. All peaks beyond the threshold in the ECG channel were identified as R positions of the QRS wave. The epochs were aligned by maximizing the correlation coefficient between a reference QRS (usually the first one) and each individual QRS. The length of the template window was chosen to be the mean of all RR intervals plus 300 ms, and the onset time for each template was defined as the half of the window length prior to the R position. The additional 300 ms (150 ms at each end) was included to ensure that a full cardiac cycle was always covered.
The QRS detection can be affected by other high amplitude artefacts such as those caused by sudden movements. To identify erroneous (false positive) and missed (false negative) CA detections we evaluated the distance between successive R peaks. If this distance exceeded 2 s we marked the midpoint of this interval to indicate a missed CA. If the interval was shorter than 0.3 s, we removed the subsequent CA. The final alignment of the position of each CA in the ECG channel was optimized to produce a maximum cross correlation with a standard CA averaged over all CAs.
Resampling Procedure
Because of the sharp peaks in the QRS wave, even a small misalignment across epochs due to the finite sampling rate may distort the template and, thereby, result in suboptimal removal of the artefact. To address this issue, a resampling technique was applied, in which data sample values were calculated at a predefined shifted grid of virtual sampling times using a cubic spline interpolation scheme. The resampling algorithm derived an individual temporal adjustment of the signal sampling while keeping the original sampling frequency. This algorithm was previously used by Sun and Hinrichs (2009) to correct for asynchrony between EEG sampling and the timing of MRI gradient switching to remove artefacts in EEG data recorded in an MRI scanner. In principle the procedure of resampling is comparable to upsampling, aligning the current artefact to a reference artefact, and subsequently downsampling, while avoiding the large increase in data volume and computational load required by oversampling approaches.
RMAS Method
Moving Average Subtraction (MAS) (Allen et al. 2000; Becker et al. 2005 ) is a template subtraction method in which a separate template is constructed for each occurrence of an artefact, in our case for each cardiac cycle. Here, the template T i (n,t) for the i th epoch was obtained as a weighted average:
where X iþk ðn; tÞ is the MEG signal for the (i ? k) th epoch at channel n, and t is the time index within each epoch relative to the R peak. The weighting coefficients w k were normalized such that P NÀ1 k¼ÀNþ1 w k ¼ 1. The template was filtered by a third order Butterworth band pass filter with cutoff frequencies of 0.1 and 100 Hz before the subtraction in order to remove the DC level and high frequency noise. We refer to the MAS approach combined with the resampling technique for epoch alignment as the RMAS method. The corrected signal was obtained by subtraction:
To prevent signal fragments from being integrated into the artefact corrected signals, we increased the length of each epoch with 150 ms at each side. In this way, one can concatenate the artefact-corrected signals seamlessly by cutting off the overlap between the previous epoch and the current epoch.
We used a linear weighting function defined as
Increasing the number of epochs to be included in the weighted average is expected to improve the quality of the template by reducing the contributions from affect the quality of the template. A larger N also means higher computational loadsignals not related to the CA. However, variation in the CA patterns for epochs separated over long time periods may adversely. We chose the total number of epochs included in the moving average to be 2 N-1 = 49. This is a trade-off for being large enough such that noise unrelated to CA is substantially reduced by the averaging, yet small enough (corresponding to less than one minute of recording) that non-stationarity of the CA is expected to have only a minor effect on the quality of the template.
Performance Evaluation
The degree of distortion between two signals, S1 and S2, for frequencies \F was quantified by the Relative Spectral Difference (RSD):
where P S1 f and P S2 f are power spectral densities at frequency f. The power spectral densities were calculated by using the Matlab Welch method (Welch 1967 ) for 10-s data segments with 0.29 Hz frequency resolution (2048 points FFT for 600 Hz sampling rates). Attenuation of artefacts was also quantified using the root-mean-squared error and the correlation coefficient between the artefact-removed signal and the artefact-free signal.
CA reductions were assessed in different scalp regions (groups of MEG sensors) by RSD for frequencies less than 45 Hz. RSD values for signals before (S1) to after (S2) CA removal were calculated over the 8-min recorded data per subject per channel. RSD values were averaged over the channels in each region for each subject, and the mean and the standard deviation of the RSD across subjects were calculated for each region.
The RMAS was compared with an implementation of the fastICA method (Hyvärinen 1999; Hyvärinen and Oja 1997) . We divided the whole brain area into three groups depending on the distribution of CAs from Fig. 1 : Group 1 includes MLT, MRT, MLO, and MRO; Group 2 includes MLF, MRF, MLC, MRC, MZF, and MZC; and Group 3 includes MLP, MRP, and MZO. The fastICA method was applied to each group independently. The CA-components were simply identified by a fixed threshold on the correlation between the ECG channel and each independent component. Any IC with larger correlation coefficient ([0.1) was marked as CA-contaminated independent component. For Group 1, 105 MEG channels were selected from temporal and occipital lobes where CAs can be discerned clearly. The corrected data were obtained by removing 15 CA-contaminated independent components from the total of 105 independent components for subject S. For the same subject S, 118 MEG channels were in Group 2 and 18 CA-contaminated independent components were identified. 47 MEG channels were in Group 3, and 6 CA-contaminated independent components were identified.
The number of CA-contaminated independent components varied from 14 to 21 for Group 1, from 7 to 20 for Group 2, and from 5 to 12 for Group 3 for all six subjects. During the comparison of ICA and RMAS, we also manually checked if all CAs were detected and removed correctly for both methods to guarantee we did not induce extra noise.
Results
A four-second segment of MEG data with prominent CAs that were notably reduced by the application of RMAS is illustrated in Fig. 1a . The topographic maps of the data (Fig. 1b) indicated largest CAs in the right temporal lobe sensors during the R and T wave periods. During the S wave period, strong CAs were seen over both temporal lobes, but with opposite polarities. In these data, CAs corresponding to the Q wave were not visible. This kind of spatial and temporal variability greatly increases the complexity of identifying CA components with blind source separation methods. Spectral analysis demonstrated that the frequency content of the CA components removed by RMAS or MAS was mostly below 45 Hz (Fig. 1c) . The RSD (\45 Hz) for different groups of MEG channels indicated that the largest effects of the CA suppression after the application of RMAS, MAS, or fastICA occurred in the temporal and occipital channels (Fig. 2) .
A reduction in residual artefacts achieved by the resampling algorithm is illustrated in Fig. 3 . The resampling resulted in moderate improvement in the quality of CA removal within the time interval in which the change in the CA was largest.
The effect of CA removal with RMAS and fastICA, respectively, for a 10-s MEG segment is shown in Fig. 4a . Both RMAS and fastICA removed CAs successfully, and the residual cardiac artefacts were barely observable in the time domain. In the spectral domain, differences were visible over a wide range of frequencies (Fig. 4b) . Above 45 Hz, the spectrum after RMAS was almost identical to the original spectrum, whereas after fastICA the spectrum showed increased high-frequency content (see the details at 90-110 Hz in Fig. 4b) . Note, however, that the fluctuations in the spectrum could be suppressed if more complex procedures were used to identify the relevant independent components.
An example of MEG recording of spontaneous activity before and after the application of RMAS is shown in Fig. 5a , demonstrating prominent suppression of CAs. Topographies of the averaged visual evoked responses suggested that characteristic brain activation related patterns were preserved after the application of the RMAS method (Fig. 5b) .
Discussion
The RMAS method is an automated time-varying template subtraction technique for removing CAs in MEG data that combines moving average template subtraction with alignment by resampling. RMAS was found to efficiently suppress CAs in MEG data. Template subtraction methods, which operate in the time domain and on channel-bychannel basis, provide an effective alternative to methods like signal space projection, PCA, and ICA, which remove spatial patterns from multisensory array data.
Non-stationarity of the CAs can adversely affect the performance of the artefact removal methods. Several potential factors can cause variability in CAs over time, including physiological fluctuations in cardiac function, or subtle body motion such that the position of the heart changes with respect to the MEG sensor array. For template subtraction approaches, incorporating a weighted moving average over several cardiac cycles allows the template to adapt to changes in the CAs. An optimal choice of the parameters for the moving average weighting function is a trade-off between including only a small number of cardiac cycles, such that each template is only minimally affected by variation in the CAs (and the computational demands is low), and including many cycles to reduce the contributions from non-cardiac signals (such as brain activity and other types of noise) in the template. For the present data the linear weighting function covering about 49 cycles provided good results in CA suppression. The moving average approach assumes that the CAs vary only slowly over time. In the case of high variability in the CAs among subsequent cardiac cycles, a more effective approach may be to cluster the CAs from the whole recording session into groups based on mutual similarity and calculate the template for each group separately (Tal and Abeles 2013) .
Associated with the CA, there may also be additional small contributions from brain activity related to the cardiac cycle. Therefore, a more complex interaction of cardiac-related effects may co-exist with event-related brain responses (Rodin et al. 2005) . However, the RMAS method, to the extent that this brain activity is time locked with the ECG, is expected to suppress those as well.
Methods in which spatial patterns are removed from multichannel data have been widely applied for CA removal. For example, the ICA-based cardiac artefact rejection for real-time analysis method effectively reducing CAs by calculating cross trial phase statistics (Breuer et al. (Dammers et al. 2008; Escudero et al. 2011; Mantini et al. 2008 ). However, a concern with methods that remove spatial components is that the brain signals and the artefacts are not necessarily orthogonal, thereby potentially leading to partial suppression of the brain signal of interest. The single channel based timedomain template subtraction methods largely avoid this problem. In addition, with blind source separation methods like the ICA, a complex component-identification procedure is needed to implement a good separation strategy, whereas template subtraction methods like RMAS do not involve a complex processing strategy and can be automated in a straightforward way.
Because the template subtraction methods operate on the signal time courses, accurate alignment of the waveform for different cardiac cycles is critical for these methods. Due to the steep slopes in the QRS waveform, even small variability in the relative timing of the QRS and the MEG sampling time points may cause distortions in the template. The proposed resampling method, previously applied to EEG-fMRI data, is a computationally efficient way to address this issue (Sun and Hinrichs 2009) . With resampling precise results are achieved with faster computation and without the large increase in the amount of data, compared with the use of higher data sampling rates. Although the improvements achieved by the resampling in the present study were relatively modest (cf. Fig. 3) , it helped to further enhance the reduction of cardiac artefacts in MEG data. The resampling method is expected to be most beneficial when low sampling rates are used for the MEG data acquisition; this could be the case, e.g., in sleep studies with long-duration recordings.
The resampling procedure is the most time consuming part of the RMAS; in our sample data, omitting the resampling reduced the computation time from 3.45 to 0.005 s. Naturally, in real-time analysis, only data from the past cardiac cycles can be used. The choice of a rectangular function, w k = 1/N, for -N \ k B 0, and w k = 0, for 0 \ k \ N, for the moving average weights in Eq. (1) would allow a simple adaptive updating of the template in real time applications. Real-time artefact suppression is expected to be of importance, e.g., in applications related to brain-computer interface (Mellinger et al. 2007 ), neurofeedback (Florin et al., 2013) , and dynamic connectivity network analyses (Fonteneau et al. 2015) .
Conclusion
We evaluated the RMAS method, which combines moving average subtraction and alignment by resampling, to accurately extract an individual template for each CA.
RMAS is an efficient approach for the removal of CAs. The method can be applied with minimal user interaction, and is also suitable for real time applications.
